Entrainment is a factor in dialogue that affects not only human-human but also human-machine interaction. While entrainment on the lexical level is well documented, less is known about how entrainment affects dialogue on a more abstract, structural level. In this paper, we investigate the effect of entrainment on dialogue acts and on lexical choice given dialogue acts, as well as how entrainment changes during a dialogue. We also define a novel measure of entrainment to measure these various types of entrainment. These results may serve as guidelines for dialogue systems that would like to entrain with users in a similar manner.
Introduction
Entrainment is a conversational phenomenon in which dialogue participants synchronize to each other with regards to various factors: lexical choice (Brennan and Clark, 1996) , syntax (Reitter and Moore, 2007; Ward and Litman, 2007) , style (Niederhoffer and Pennebaker, 2002; DanescuNiculescu-Mizil et al., 2011) , acoustic prosody (Natale, 1975; Coulston et al., 2002; Ward and Litman, 2007; Kawahara et al., 2015) , pronunciation (Pardo, 2006) and turn taking (Campbell and Scherer, 2010; Beňuš et al., 2014) . Previous works have reported that entrainment is correlated with dialogue success, naturalness and engagement.
However, there is much that is still unclear with regards to how entrainment affects the overall flow of the dialogue. For example, can entrainment also be observed in choice of dialog acts? Is entrainment on the lexical level more prevalent for utterances of particular dialogue acts? Does the level of entrainment increase as dialogue progresses?
If the answer to these questions is affirmative, it will be necessary to model entrainment not only on the lexical level, but also on the higher level of dialog flow. In addition, it will be necessary to adapt any entrainment features of dialogue systems to be sensitive to dialogue acts or dialogue progression. Modeling such entrainment phenomena appropriately has the potential to increase the naturalness of the conversation and open new avenues in human-machine interaction.
In this paper, we perform a study of entrainment in an attempt to answer these three questions. First, we observe the entrainment of dialogue acts, measuring whether the choice of dialogue acts synchronizes with that of the dialogue partner. For example, if one dialogue participant tends to ask questions frequently, we may hypothesize that the number of questions from the partner may also increase. Secondly, we examine lexical entrainment features given dialogue acts. It is known that dialogue acts strongly influence content of utterances, and we hypothesize that, in the same manner, dialogue acts may strongly influence the level of lexical entrainment. Finally, we examine the increase of entrainment as dialogue progresses. Previous work has discussed that entrainment can be observed throughout the whole dialogue, but it is unclear whether entrainment increases in latter parts of the dialogue. To measure this, we divide dialogues in half, and compare the entrainment of the former and latter halves.
Experimental results show that entrainment of dialogue acts does occur, indicating that it is necessary for models of dialogue to consider this fact. In addition, we find that the level of lexicon synchronization depends on dialogue acts. Finally, we confirm a tendency of entrainment increasing through the dialogue, indicating that dialogue systems may need to progressively adapt their models to the user as dialogue progresses.
Related Works

Varieties of entrainment
As mentioned in the introduction, entrainment has been shown to occur at almost every level of human communication (Levitan, 2013) , including both human-human and human-system conversation.
In human-human conversation, Kawahara et al. (2015) showed the synchrony of backchannels to the preceding utterances in attentive listening, and they investigated the relationship between morphological patterns of backchannels and the syntactic complexities of preceding utterances. Levitan et al. (2015) showed the entrainment of latency in turn taking.
In human-system conversation, Campbell and Scherer (2010) tried to predict user's turn taking behavior by considering entrainment. Fandrianto and Eskenazi (2012) modeled a dialogue strategy to increase the accuracy of speech recognition by using entrainment intentionally. Levitan (2013) unified these two works.
One of the most important questions about entrainment with respect to dialogue systems is its association with dialogue quality. Nenkova et al. (2008) proposed a score to evaluate the lexical entrainment in highly frequent words, and found that the score has high correlation with task success and engagement. This indicates that lexical entrainment has an important role in dialogue. In addition, it suggests that entrainment of lexical choice is probably affected by more detailed dialogue information, such as dialogue act.
Lexical Entrainment
The entrainment score which was proposed by Nenkova et al. (2008) is calculated by word counts in a corpus, and comparing between dialogue participants. Specifically, we calculate a uni-gram language model probability P S 1 (w) and P S 2 (w) based on the word frequencies of speakers S 1 and S 2 , and calculate the entrainment score of word class V , En(V ) as:
These entrainment scores have a range from -2 to 0, where higher means stronger entrainment. We calculate the average of these entrainment scores for the dialogue partner (En p (V )) and nonpartners (En np (V )).
In detail, we can express this formula with word count C S 1 (w) and C S 2 (w), and all of words W as,
Nenkova et al. (2008) used following word classes as V .
25MFC:
25 Most frequent words in the corpus.
The idea of using only frequent words is based on the fact that we would like to avoid the score being affected by the actual content of the utterance, and focus more on the way things are said. In addition, this filtering of highly frequent words removes any specific words (i.e. named entity, speaker's name) and words specific to the dialogue topic. This word class was highly and significantly correlated with task success in the previous work. We mainly used this word class in this paper.
25MFD:
25 Most frequent words in the dialogue. This word class was correlated with task success, like 25MFC.
ACW:
Affirmative cue words (Gravano et al., 2012) . This word class includes alright, gotcha, huh, mm-hm, okay, right, uh-huh, yeah, yep, yes, and yup . This class was correlated with turn-taking.
FP: Filled pauses. This word class includes uh, um, and mm. It was correlated with overlaps.
ACW and FP were pre-defined, but 25MFC and 25MFD are calculated from corpora considering frequency (V is a subset of W ). In order to use these measures to confirm whether entrainment is occurring between dialogue partners, these scores can be compared between the actual conversation partner, and an arbitrary other speaker from the database. If entrainment is actually occurring, then the score will be higher for the conversation partner than the score for the non-partner. Figure 1 shows an example of pairs used for calculation of these scores.
First, to confirm the results for previous work, we calculated the entrainment score of 25MFC using the Switchboard Corpus (Table 1) . We can see that there is a difference of the entrainment score between "partner" who is talking the speaker and "non-partner" who is not talking with the speaker, as reported in previous work.
Extending the Entrainment Score
Our first contribution is an extension to the entrainment score that allows us to more accurately clarify the hypotheses that we stated in the introduction. This is necessary because the entrainment score given in Eqn. (2) does not consider the total size and variance of data to be calculated, and can be heavily influenced by data sparsity. This result in the score being biased when we compare target phenomena with different vocabulary sizes or data sizes. For example, when considering the amount of entrainment that occurred for two different speakers, the entrainment score will tend to be higher for the more verbose speaker, regardless of the amount of entrainment that actually occurred. In addition, if we are comparing entrainment for two different sets of target phenomena, such as words and dialogue acts, the entrainment score will tend to be higher for the phenomenon that has a smaller vocabulary and thus less sparsity (in this case, dialogue acts). Thus, we propose a new "Entrainment Score Ratio" measurement that uses the rank in entrainment score, and language model smoothing to alleviate the effects of sparsity.
Entrainment Score Ratio
First, instead of using the entrainment score itself, we opt to use the relative position of the entrainment score of the partner compared to other nonpartner speakers in the corpus. The entrainment score ratio is calculated according to the following procedure:
1. Calculate the entrainment score of the dialogue partner En p (V ). Also calculate entrainment scores of all non-partners in the corpus En np 1,...,N (V ).
2. Compare the partner's entrainment score and all non-partners' entrainment scores.
3. Calculate the ratio with which the partner's entrainment score exceeds that of the nonpartners.
Because this score is the ratio that dialogue with the partner takes a higher entrainment score than other combinations with non-partners, it is not sensitive to the actual value of the entrainment score, but only the relative value compared to non-partners. This makes it more feasible to compare between phenomena with different vocabulary sizes, such as lexical choice and dialogue act choice. While the entrainment score for dialogue acts may be systematically higher due to its smaller vocabulary size, the relative score compared to non-partners can be expected to be approximately equal if the effect of entrainment is the same between the two classes.
Dirichlet Smoothing of Language Models
While the previous ratio score has the potential to alleviate problems due to comparing different types of phenomena, it does not help with problems caused by comparing data sets with different numbers of data points. The reason for this is that the traditional entrainment score (Nenkova et al., 2008) used uni-gram probabilities, the accuracy of which is dependent on the amount of data used to calculate the probabilities. Thus for smaller data sets, these probabilities are not well trained, and show a lower similarity when compared with those of other speakers in the corpus. In order to create a method more robust to these size differences, we introduce a method that smooths these probabilities to reduce differences between distributions of different data sizes.
Specifically, the definition of a unigram distribution of a portion of the corpus (split by speaker s, dialogue act d, part of dialogue p) using maximum likelihood estimation is,
.
When the size of data for speaker s is small, there will not be enough data to properly estimate this probability. To cope with this problem, we additively smooth the probabilities by introducing a smoothing factor α and large background language model P ML (w) which was trained using all of the available data:
(4) This additive smoothing is equivalent to introducing a Dirichlet distribution conditioned on P ML (w) as a prior probability for the small language model distribution of P DS,s (w|d, p) (MacKay and Peto, 1995). We choose Dirichlet smoothing because it is a simple but effective smoothing method. We determine the hyperparameter α by defining a Dirichlet process (Teh et al., 2012) prior, and maximizing the likelihood using Newton's method 1 .
To verify that this method is effective, we calculated averages and variances of the standard entrainment score and the entrainment score using this proposed smoothing technique (Table 2) . From the results, we can see that the entrainment score rate for partners is slightly higher with smoothing, demonstrating that the smoothed scores are as effective, or slightly more effective in identifying the actual conversational partner. In addition, the difference between variances of entrainment scores has decreased, showing that smoothing has reduced the amount of fluctuation in scores. This indicates that the smoothing works effectively to reduce the negative influence of population size when we compare distributions that have different population sizes. Because of this, for the analysis in the rest of the paper we use this smoothed entrainment score. 1 The scripts for this and other calculations will be public at the link below: https://github.com/masahiro-mi/ entrainment
Measured Entrainment Scores
In this section, we explain in detail the there varieties of entrainment that we examined.
Entrainment Score of Dialogue Acts
While entrainment of various phenomena has been reported in previous work, it is still not clear how entrainment affects the dialogue acts used by the conversation participants. The first thing we examine in this paper is the amount of entrainment occurring in dialogue acts, and the entrainment score of dialogue acts En(D) is calculated according to the differences in distributions of dialogue acts between dialogue participants. Frequency of each dialogue act P DS,S 1 (d) and P DS,S 2 (d) of each speaker S 1 , S 2 for a certain dialogue act d is used in the following equation:
Lexical Entrainment Given Dialogue Acts
In the previous work, it is reported that there is an entrainment of lexical selection between dialogue participants. However, we can also hypothesize that such entrainment is more prominent for utterances with a particular dialogue act. For example, if one dialogue participant tends to say a specific backchannel frequently, the partner may change to use the same backchannel. On the other hand, when one dialogue participant has his/her own answer for a question, he/she will likely not borrow the words from the partner. In order to examine this effect, we extended the entrainment score for lexical selection to evaluate an entrainment of lexical selection given the dialogue act of the utterance. The extended entrainment score En(c|d), the score for a lexical selection given a dialogue act, is defined by using conditional language model probabilities P DS,S 1 (w|d) and P DS,S 2 (w|d) of each speaker S 1 and S 2 . Specifically, we define it as follows:
(6) Using this measure, we clarify whether entrainment of lexicons has been affected by dialogue acts, and also which dialogue acts are more likely to be conducive to entrainment. Nenkova et al. (2008) noted that the entrainment score between dialogue partners is higher than the entrainment score between non-partners in dialogue. While they reported the overall trend of the entrainment score throughout the dialogue, whether the level of entrainment changes throughout the dialog is also an important question, as it will indicate how dialogue systems must display entrainment properties to build a closer relationship with their dialogue partners. If entrainment is changing through a conversation, we can hypothesize that the entrainment score will be larger at the end of dialogue than the score at the start of dialogue.
Increase of Entrainment through Dialogue
We analyzed the extent of change in entrainment by splitting one dialogue into earlier and later parts. We calculated the entrainment score between dialogue participants in earlier/later parts of dialogue, and compared these scores.
Corpus
As our experimental data, we used the Switchboard Dialogue Act Corpus, which is annotated with dialogue acts according to the DAMSL standard (Discourse Annotation and Markup System of Labeling) (Jurafsky et al., 1997) for each utterance. The DAMSL has 42 types of dialogue act tags, while there were 220 tags used in the original Switchboard Corpus, Jurafsky et al. (1997) clustered the 220 tags into 42 rough-arained scale classes, and reported labeling accuracy of .80 according to the pairwise Kappa statistic.
This corpus consists of 302 male and 241 female speakers. The number of conversations is 1,155, and the number of utterances is 221,616. Each speaker is tagged with properties of sex, age, and education level. 
Entrainment of Dialogue Acts
First, we analyze the entrainment of dialogue acts based on the method of Section 4.1. We hypothessize that we can observe the entrainment of dialogue acts like other previously observed factors. To examine this hypothesis, we calculated the entrainment score of dialogue acts and compared between partner and non-partners. To measure the significance of these results, we calculated p-value of entrainment scores between partner and nonpartner with the t-test. Table 3 shows that there is a significant difference (p < 0.05) of entrainment score between partner and non-partner, with partners scoring significantly higher than non-partners. This result shows that the entrainment of dialogue acts can be observed in human-human conversation, and suggests that there may be a necessity to consider entrainment of dialogue act selection in humanmachine interaction.
Lexical Entrainment given Dialogue Acts
Next, we analyze the entrainment of lexical choice given the 42 types of dialogue acts based on the method of Section 4.2. We can assume that the dialogue act affects the entrainment of lexicons, which indicates that entrainment scores are different depending on the type of the given dialogue act.
In addition, we calculate entrainment score rate and Cohen's d (Cohen, 1988) to evaluate the effect size. Cohen's d is standardized mean difference between two groups, and can calculate the amount that a particular factor effects a value while considering each group's variance. If these groups have a large difference, Cohen's d will be larger, with values less than 0.2 being considered small, values around 0.5 being medium, and values larger than 0.8 being considered large.
We show the result in Table 4 , and emphasize scores that are over 0.5 in Cohen's d, and over 0.55 in Ratio(V).
We can first notice an increase of the entrainment score is more prominent given some dialogue acts. Entrainment is particularly prevalent for acts that have little actual informational content, such as greeting, backchannel, agree, answer, and repeating.
In addition, we focus on why Conventional Opening and Conventional Closing were increased in the entrainment score. This is because that Conventional Opening and Conventional Closing contain greetings ("hi", "hello") or farewells ("bye", "see you"), which show higher entrainment scores than other dialogue acts. It should be noted that this phenomenon of performing a fixed response to a particular utterance is also often called "coordination", and distinguished from entrainment. However, it is difficult to distinguish between entrainment and coordination definitely with our current measures, and devising measures to capture this distinction is future work.
On other hand, dialogue acts that express one's opinion such as Apology, Action-directive, Negative non-no answers, as well as some questions do not increase entrainment scores.
Change in Entrainment through Dialogue
In addition, we analyzed the increase of entrainment based on the method of Section 4.3. We calculated lexical entrainment scores of the earlier and later parts. "Earlier" is the entrainment score between utterances in the earlier part of dialogue, and "Later" is the entrainment score between utterances in the later part. We hypothesize that "Later" will have a higher entrainment score than "Earlier," as it is possible that dialogue participants will demonstrate more entrainment as they talk for longer and grow more comfortable with each other.
In addition, we calculate "Cross," the entrainment score between the earlier and the later parts of dialogue. We calculated this because we can also hypothesize that the effect of entrainment is delayed, and words spoken in the earlier part of the conversation may appear in the later part of the partner's utterances. Figure 2 shows the pairs used for the calculation. We show the result in Table 5 . From these results, we can see that there is a significant difference of entrainment score between partner and non-partner in all of the parts. This indicates that lexical entrainment can already be observed in the earlier part of dialogue.
In addition, we calculated p-values with the two-sided t test for partner entrainment scores between each part. Figure 2 shows an example of pairs used for calculation of p-values. We compare partner's entrainment scores between early, later, and cross, to indicate how the entrainment score changes in the partner through the dialogue. In fact, we compare three combinations of partner's entrainment scores, such as En(c|Earlier) and En(c|Later), En(c|Earlier) and En(c|Cross), and En(c|Later) and En(c|Cross). Table 6 shows that p-values of entrainment scores between each part in the partner. We find that the value of the entrainment score of the later part increased slightly over the entrainment score of the earlier part, but the increase was not significant. These results show that if there is a difference in entrainment between -0.104** -0.126 0.674 * p < 0.10, ** p < 0.05 
Conclusion
In this paper, we focused on the entrainment with respect to dialogue acts and dialogue progression, and analyzed for three phenomena: the entrainment of dialogue acts, the entrainment of lexical choice given dialogue acts, and the change in entrainment as dialogue progresses.
From the results, we found that the entrainment of dialogue acts was observed in conversation. Within dialogue systems, this has the potential to contribute to modelling of dialogue strategy, and potentially allow the system to have a closer relationship with the partner.
We also found that lexical entrainment has a different tendency depending on the dialogue act of the utterance. This has the potential to contribute to models of language generation, which can consider entrainment of each dialogue act.
Finally, we analyzed the differences of entrainment depending on the part of the dialogue. From results, we found that there is either only a slight effect, or no effect of the part of the dialogue under consideration.
In future works, we will try an analysis of the entrainment in dialogue that considers the effect of coordination.
